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Abstract: Respiratory rate is an important biomarker that indicates changes in the clinical condition
of critically ill patients, so a surveillance tool that can accurately monitor the changing respiratory
rate in real time is needed. Through investigating various pairs of machine learning models, we
proposed new machine learning model for real-time respiratory rate estimation using photoplethys-
mogram. New photoplethysmogram-driven respiratory rate dataset(StMary) was collected from
surgical intensive care unit of a tertiary referral hospital, using photoplethysmogram signal collec-
tor. For 50patients and 50healthy volunteers, 2-minute photoplethysmogram was collected for each
subject twice. To evaluate the respiratory rate of subject, it was inputted into the deep neural net-
work model we built, and dataset was splitted into training, validation, testing dataset, then 4-fold
cross validation was exploited. Our deep neural network model trained with StMary and two public
datasets(BIDMC and CapnoBase) individually, or selectively merged dataset had shown a low error
rate in respiration rate measurements. Our model trained with StMary showed low mean absolute
error score(1.0273+0.8965), and trained with 3 datasets(CapnoBase, BIDMC and StMary) showed a
lower error rate(1.7359+1.6724) than the model trained with CapnoBase and BIDMC(1.9480+1.6751).
We could verify the performance of model evaluating respiratory rate from photoplethysmogram,
and our dataset could contribute as the clinical research data that supports artificial intelligence
models evaluating respiratory rate and surveillance tools to test whether their monitoring function
works properly.

Keywords : Convolutional Neural Network; Deep Learning; Photoplethysmography; Respiratory
Rate; Time Series

1. Introduction

The respiratory rate (RR) is an important biological indicator that provides infor-
mation on a patient’s health status or diagnosis. The RR particularly serves as a very sig-
nificant indicator for patients whose health and prognosis checks are essential, such as
those in the intensive care unit (ICU) and emergency room (ER) [1, 2]. The importance of
the RR in the medical environment can be also confirmed through several ICU scoring
schemes such as APACHE, MEWS, SOFA, and qSOFA [3,4]. Although RR is a critical in-
dicator in everyday life and medical environments, RR measurements are still monitored
by caregivers’ careful attention [5]. Of course, with respect to the RR, there are several
physiological signals such as CO2 levels, impedance pneumography (IP), and oral-nasal

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202304.0996.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 April 2023 d0i:10.20944/preprints202304.0996.v1

pressure, and many traditional approaches using these signals exist. However, several
challenges exist in obtaining the RR from these signals, including additional signal pro-
cessing, feature extraction, and annotation processing [6]. These processes can be costly in
terms of labor, time, and money, and because each piece of RR measuring equipment re-
quires adequate room space and professional knowledge, the RR cannot easily be meas-
ured whenever and wherever it is desired.

Unlike other equipment such as the above, a photoplethysmogram (PPG) can be ob-
tained using inexpensive and simple equipment such as pulse oximetry or a smartwatch.
A PPG provides various and critical bioindicators such as heart rate (HR), blood pressure
(BP), O2 saturation (SpO2), and RR [7, 8]. However, it is still a challenging task to attenuate
the noise in PPG signals caused by movement or physiological action of the body [7]. In
addition, the lack of open-source PPG data provided for medical research is one of the
reasons why it is difficult to conduct various studies and validations. To overcome these
issues, synthetic PPG data are often used to verify the algorithm [9]. However, this is an
imitation of actual data and there is a limitation in representing actual clinical practice
cases.

The use of a deep neural network (DNN) is considered an approach to solve some
recent clinical issues and studies have introduced several artificial intelligence (AI) tech-
niques to extract meaningful information, such as RR and BP, from PPGs [10-13]. Gener-
ally, DNNs are well-known solvers of imaging problems and show sufficient performance
in predicting problems using time-series data. In this paper, the DNN model of Bian [10]
which showed significant performance in PPG-based RR estimation was adopted for ex-
perimentation and validation.

The aim of this study was to verify the validity of the DNN model and PPG and RR
datasets (StMary) collected from Seoul St. Mary’s Hospital, Catholic University of Korea,
a tertiary referral hospital. We also describe the StMary dataset and an experiment con-
ducted to determine whether the actual RR collected from subjects and the RR predicted
by the model from PPG evaluations were the same.

2. Materials and Methods
2.1. PPG Signal Collector

The PPG signal collector is a respiratory counter web application. A router was
linked with a laptop to connect the network between the browser and the patient monitor.
In this study, for our research, data were collected from patients and healthy volunteers
through a pulse oximeter connected to the patient’s monitor. All healthy participants were
measured in a sitting state after resting for 2 minutes to stabilize breathing before meas-
urement. In the case of patient, measurements were taken while lying in the supine posi-
tion due to the characteristics of inpatients in the intensive care unit. The subject’s demo-
graphic information must be entered into the PPG signal collector to acquire the data.
When the collection started, the PPG signal was continuously recorded during the time
limit and the RR was recorded manually by medical staff pressing the spacebar at the
exhalation time. The measuring time was set up to 2 minutes and 10 seconds. When the
time ended, the data were recorded as history and stored in the database. The subject’s
data were exported into a CSV file using an internal API service. Three CSV files were
acquired, consisting of patient demographic information, PPG, and breathing time (Figure
1). Medical staff in the surgical intensive care unit (SICU) of Catholic University, Seoul St.
Mary’s Hospital supported our data collection using the PPG signal collector (Figure 2).
The collection procedure was as follows:
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patients

id diagnosis gender age startMeasureTime endMeasureTime
6265f66dd31b9ead3535076b | CBD obstruction M 78 1 16
6265f586d31b9ea9353500c6 | CBD obstruction M 78 1650849228695 1650849358767
626! 4196d | panperitoniti M 82 1650848561097 1650848691193
6265f27ad31b9ea93534f2d0 | Panperitonitis M 82 1650848401106 1650848531190
6265f160d31b9ea93534eb7c | Fracture of neck of femur M 69 1650848246322 1650848376281
6265f090d31b9ea93534e439 | Fracture of neck of femur M 69 1650847941310 1650848071302
6260bb09d31b9ead93534ddc6 | Spinal stenosis M 83 09244 165(
6260b912d31b9ead3534d1d8 | Spinal stenosis M 83 1650506240708 1650506370682
625f75bad31b9ea93534c773 | ASO M 82 1650423231722 1650423361802
625f72dad31b9ea93534bc64 | ASO M 82 1650422530833 1650422660835
625f7140d31b9ea93534b5df | Septic shock F 69 1650422084563 1650422214655
625f707cd31b9ead3534af56 | Septic shock F 69 1650421888365 1650422018449

pleth

62577bc4d31b9ead35342d50 1649900491673 1696
62577bc4d31b9ea935342d50 | 1649900491681 1654
62577bc4d31b9ead35342d50 | 1649900491689 1613 62577bc4d31b9ead35342d50 1649900495796

respirationTimeline

62577bc4d31b9ea935342d50 . 1649900491697 1573 62577bc4d31b9ea935342d50 | 1649900500702
62577bc4d31b9ead935342d50 | 1649900491705 1534 62577bc4d31b9ead935342d50 | 1649900508228
62577bc4d31b9ead35342d50 | 1649900491713 1497 62577bc4d31b9ead35342d50 | 1649900515060

62577bc4d31b9ea935342d50 1649900491721 1462
62577bc4d31b9ead935342d50 . 1649900491729 1427
62577bc4d31b9ead935342d50 . 1649900491737 1394
62577bc4d31b9ea035342d50 | 1649900491745 1361
62577bc4d31b9ea035342d50 | 1649900491753 1329
62577bc4d31b9ea935342d50 | 1649900491761 1298

62577bc4d31b9ead35342d50 | 1649900524760
62577bc4d31b9ead935342d50 | 1649900529676
62577bc4d31b9ea935342d50 | 1649900534225
62577bc4d31b9ea935342d50 | 1649900540774

Figure 1. CSV Diagram of StMary Dataset.

YIX

Figure 2. Picture of Data-collecting Moment. Medical staff of two surgical intensive critical units
(SICU) setting up the PPG signal collector.

1. Move into local monitoring page through the browser installed in the laptop.
A. Set up the measuring time.

2. Register subject’s demographic including gender, age, and diagnosis to start record-
ing.

3. When a window pops-up, click the start button to record the PPG.
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4. Press the spacebar when the subject exhales.

5. When the time is up, the window will close, and the data will be stored automatically.

The PPG signal collector receives medical data from the Philips IntelliVue MX450,
referring to the interlocking specification provided by Philips [14]. We used a MacOS Big
Sur v11.4 laptop with a 1.3 GHz dual-core Intel Core 7 processor CPU and 8 GB 1600 MHz
DDR3 memory for our research and Safari v14.11 for the browser. The application was
developed in Nest]S v8.0.0 and Vue v3.2.31 based on Javascripts 2017 (ESS8), and the data-
base was configured with MongoDB v5.0.9. The overall structure of the PPG signal collec-
tor is shown in Figure 3.
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Figure 3. Architecture Diagram of the PPG Signal Collector. The data from Philips IntelliVue MX450
continuously transfers to the client. These data were maintained in the MongoDB database through
an API service and medical staff could monitor the patient’s status.

2.2. Datasets

StMary

The StMary dataset consisted of 50 patients and 50 healthy volunteers aged 18 and
older. All data were collected in the SICU of our institution, which is a tertiary referral
hospital, and our SICU has an average of 1,800 patients annually. Our SICU is a closed
ICU system, operated by two critical care specialists who take care of all patients who are
admitted to the SICU. Therefore, the diagnosis was made by two critical care specialists
in consultation with each other, and the decision was made by considering the patient's
blood test, physical examination, imaging test, past history, and surgical history. The da-
taset contained demographic information, PPG signals, and exhalation timestamps for
each de-identified subject. Two-minute PPGs were collected for each subject twice, sam-
pled at 125 Hz. A unique ID was generated for each collected two-minute PPG. This ID
served as an identifier for individual data and a de-identifier for the subject at the same
time. Table 1 shows each feature name and its description extracted from the StMary da-
taset.

Table 1. Schema of StMary Dataset.

File name Column name Description
Diagnosis Indicates diagnosis of the subject.
Patients.csv For volunteers, mark ‘0’.

For patients, name the diagnosis.
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(e.g. CBD Obstruction)

Gender Indicates gender of the subject. (“M” / “F”)

Age Indicates age of the subject.
Measurement starting time.

startMeasureTime Indicates time when the data starts to move into DB
server.

endMeasure Time Measurement ending time.

Timestamp Indicates time when the PPG at that time collected.
Pleth.csv . . . .
Pleth Indicates PPG which acquired from pulse oximeter.
respirationTimeline.csv  Timestamp Indicates time when subject exhales.

“CBD Obstruction = Common Bile Duct Obstruction; DB = DataBase; PPG = Photoplethysmogram.

BIDMC

The BIDMC dataset [15] contained 53 samples of eight-minute-long signals collected
in the ICU of Beth Israel Deaconess Medical Center. Two annotators labeled the RR using
each subject’s impedance respiratory signal. The dataset consisted of impedance respira-
tory rate, electrocardiogram, and PPG sampled at 125 Hz. It also included patient de-
mographics and 1-Hz signals such as the heart rate, respiratory rate, O2 saturation, and
pulse. This dataset provides various formats, including CSV, for use in research and
benchmark testing as a public dataset.

CapnoBase

The IEEE TBME Respiratory Rate Benchmark dataset [16] is a dataset designed for
developing and testing respiratory rate estimation. The dataset contains eight-minute
electrocardiograms, capnography, and PPG signals acquired from 42 patients during elec-
tive surgery and routine anesthesia. Labels from an annotator are available for PPG peaks
and CO2 in breaths. The data used were from 29 children and 13 adults.

2.3. Experiments

We built a ResNet DNN model based on Bian’s architecture (Figure 4), which was
hyperparameter-tuned by Bayesian optimization [17, 18]. The reason we adopted their
model is that they tried to estimate the RR using PPG as an input. In this study, with this
model, we compared the performance of open-source dataset (Capnobase and BIDMC)-
based models to the StMary-based model and conducted reasonable verification of the
StMary dataset. For our research, PPGs were resampled to 30 Hz to reduce computational
requirements and model complexity while preserving the integrity of the data. The opti-
mal window size for RR estimation is between 30 and 90 seconds. If the window size in-
creases, the error rate decreases. In contrast, if the window size decreases, the data can be
more stable and calculation costs for the RR estimation algorithm decrease [16, 19]. In this
study, the window size for RR estimation was selected to be 60 seconds, and the window
was set to slide by 1 second for sampling.
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Figure 4. ResNet DNN Architecture.

As the RR unit is breath/min, we counted the breaths within 60 seconds according to
the timestamp of respirationTimeline.csv. Thus, the RR value for one minute was used to
label the one-minute PPG sample. As a result, a total of 12,573 samples were generated for
the StMary dataset. Before inputting data into the ResNet model, min-max normalization
was performed on every PPG signal. To optimize the regression problem learning of the
model, the Adam optimization technique [20] was adopted and the batch size was set up
to 128. The experiment was conducted for 100 epochs and the mean absolute error (MAE)
function was used as a loss function according to the following equation:

N
1 . .
MAE = Nz IRR;)rediction - RR:‘rue | ()
i=1
Where N is the total number of observations in a PPG sample, and RRY,,4iction and

RR.,,. are predicted RR values and actual RR values, respectively.

The early stopping technique, which monitors the loss of the validation dataset, was
used to prevent overfitting of the model while training. In the dataset, 20% of the data
were extracted for testing and 4-fold cross-validation was performed on the model using
the remaining 80% of the data. The overall model configuration was conducted with Ten-
sorFlow version 2.0, and all experiments were performed on workstations with Intel®
Xeon® Silver 4214R CPUs.

All research protocols were conducted in accordance with the ethical standards of
the responsible committee on human experimentation (institutional and national) and
with the Helsinki Declaration of 1975, as revised in 2000. All data used in this study were
anonymized, deidentified, and aggregated before analysis.

3. Results

Based on the above, data were collected on 200 samples in a total of 100 subjects,
twice per target subject. The groups consisted of 43 men and 57 women, respectively, and
each dataset contained 50 patients and 50 volunteers. Signal sampling was conducted by
applying a one-minute window to two-minute data, and extracting one-minute data at 30
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Hz. In this process, four patient samples and 10 volunteer samples of less than two
minutes were excluded from the experiment. In total, 14 samples (i.e., seven subjects) were
excluded. Lastly, we generated a one-minute training dataset and labeled each of the 186
samples that were not excluded (Table 2).

Table 2. Demographics of patients and volunteers.

Variables Patients Volunteers
Number of participants 50 50
Age, year, mean+SD (range) 61.9+£16.3 (25-89) 32.7£6.9 (23-55)
Male/Female 28/22 15/35
Diagnosis, n (%)
Malignancy 21 (42) -
Non-cancerous lesion 16 (32) -
Trauma 6 (12) -
Miscellaneous 7 (14) -

*SD = Standard Deviation.

The patient group consisted of four major diagnosis classes including malignancy,
non-cancerous lesion, trauma, and miscellaneous with 21, 16, 6, and 7 patients, respec-
tively. The malignancy and non-cancerous lesion groups included some subgroups. In the
malignancy group, three patients had gastric cancer, nine had hepatobiliary-pancreas can-
cer, four had gynecological cancer, one had malignant mesothelioma, one had tongue can-
cer, two had renal cell carcinoma, and one had colorectal cancer. In the non-cancerous
lesion group, two had deep neck infections, one had an ulcer perforation, four had pan-
peritonitis, and nine had vascular disease.

To confirm the validity of the StMary dataset, the PPG of the dataset was split into
four groups to determine whether there were any differences in model performance. The
groups were:

1. Patient group: diagnosis is not ‘0
2. Volunteer group: diagnosis is ‘0’
3. Male group: gender is ‘M’

4. Female group: gender is ‘F’

The results of each model showed a low error ratio for inference. The volunteer group
showed the lowest MAE at 0.7634 + 0.7234, and the female group showed the highest
MAE at 1.0066 + 0.8110. Each group’s MAE average and standard deviation are shown
in Figure 5. Although each model had an error ratio, every model significantly followed
the trend in RR. Figure 5 shows the inferences of each group model that evaluated 100
predicted RRs (dotted line with triangles) and actual RRs (line with circles).
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Figure 5. StMary Model’s Respiratory Rate Evaluation Results. True and predicted RR of (A) patient
model, (B) volunteer model, (C) male model, and (D) female model.
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Each ResNet model trained with different datasets (CapnoBase, BIDMC, and StMary)
showed fine performance with a trend that corresponded to the actual data. Table 3 shows
that the model trained with the CapnoBase dataset had a low MAE of 0.4563 %+ 0.5503
and the model trained with the StMary dataset showed a high MAE of 1.0273 £ 0.8965.
However, despite its error rate, the StMary model demonstrated a high correspondence
with actual data.

Table 3. Result of Model for each Dataset.

Datasets for Training & Validation

MAE (mean+SD)

CapnoBase

BIDMC

StMary

CapnoBase + BIDMC

CapnoBase + BIDMC + StMary

0.4563 + 0.5503
0.6224 + 0.5728
1.0273 £+ 0.8965
1.9480 + 1.6751
1.7359 + 1.6724

*MAE = Mean Absolute Error; SD = Standard Deviation.

**CapnoBase + BIDMC = A performance of the model trained with dataset Cap-
noBase and BIDMC combined; CapnoBase + BIDMC + StMary = with dataset CapnoBase,
BIDMC and StMary combined.

Two public datasets, CapnoBase and BIDMC, were employed to compare the validity
and results of the StMary dataset. Each dataset was sampled and labeled in the same way
as mentioned above. Then, five experiments were conducted using the ResNet model with
individual or selectively merged datasets (Table 3). In the merged dataset shown in Table
3, the model trained with CapnoBase and BIDMC datasets showed an MAE of 1.9480 +
1.6751, and the model trained with CapnoBase, BIDMC, and StMary datasets showed an
MAE of 1.7359 + 1.6724, which was a lower error rate than in the earlier model.
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4. Discussion

The results of the four groups showed that the StMary dataset had a meaningful va-
lidity regardless of patient gender or illness. As the differences in error rates were not
high, the RR model was shown to significantly predict actual RR trends. This demon-
strates that the ResNet model for RR prediction had learned a few patterns from the PPGs
and RRs in the StMary dataset. Since the model is easily affected by its dataset quality, if
our StMary dataset showed a low quality, then our models would not show low error
rates.

The results of the selectively merged datasets also strongly indicated the validity of
the StMary dataset. This is because the results of the model using combined BIDMC, Cap-
noBase, and StMary datasets showed a lower error rate than the model using only BIDMC
and CapnoBase datasets. Generally, it is true that if the size of the dataset used for training
increases, the error rate of the model decreases. However, if a new dataset has poor quality
because of signal noise, distortion, and outliers, then combining it with new data may add
confusion to model training, which results in bad performance. However, even though
the StMary dataset and the two public datasets (BIDMC, CapnoBase) had different prop-
erties, the MAE score of the model additionally trained with the StMary dataset showed
a much lower MAE compared to the model trained with only the two public datasets. This
demonstrates that our PPG data could be considered a meaningful dataset, along with the
other public datasets. If we advance our PPG signal collector to collect more components
and consider a more systemic data table scheme, we will be able to achieve much more
objective and detailed results.

We had confronted several limitations in the current research. First, we could not
configure a much more consistent data-collecting environment. Although it is desirable
to configure a consistent dataset with a strictly controlled collecting method and subjects,
patients admitted to the ICU had various attributes, which were hard to control, such as
age, gender, diagnosis, and operation method differences. Volunteers also had some of
these, such as uncontrollable breathing patterns or temporary changes in their respiration
rate. Actually, as considering for this bias, we did not focus on the enrollment of patients
with respiratory diseases. In the case of critically ill patients with respiratory diseases, it
is thought that there are several confounding factors caused by the pathologic condition
of respiratory function itself, such as the involuntary movements, shaking, or tremors due
to frequent suction and coughing, that causes difficulties in RR measuring. To overcome
this, a more systematic clinical data-collecting schema including more detailed subject de-
mographics (e.g., age, gender, whether they underwent surgery, infusion drug time, etc.)
and various clinical signals (e.g., electrocardiogram, electroencephalogram, and end-tidal
CO2, etc.) should be developed. The preceding research on public datasets such as Cap-
noBase and BIDMC can be used as references. We also need to consider the sampling
window size to extract more samples. Shortening the window size and using end-tidal
CO2 for labeling the RR will help us to achieve the goal. Ravichandran [11] used a similar
research approach. Secondly, we need additional verification for the StMary dataset to
develop a more accurate model or useful clinical applications. Although it is true that the
current StMary dataset and its model showed significant results, classifying and verifying
high-quality PPG signals in the StMary dataset will give fair PPG signals more suitable
for training. The signal quality index (SQI) [13], which is often used for scoring signal
characteristics, will be exploited to classify signal quality in our future work. Lastly, racial
PPG differences also have to be considered. The two public datasets used (CapnoBase and
BIDMC) came from Westerners, but the StMary dataset in this study was collected from
Asians. Considering the principle of PPG sensing, skin color, the thickness of the blood
vessels, and blood viscosity could be considered essential factors [21-23]. Such differences
exist along with racial characteristics, and the frequency of diseases differs along with it.
Therefore, racial PPG differences should not be underestimated. In future work, we will
compare the PPGs in the StMary dataset with the others to determine whether racial bias
exists in the PPGs. This can be evaluated by a classification model that uses similarity
measure algorithms [24], which are usually employed for time-series data.
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However, despite the limitations of the current study, we introduced a reliable new
algorithm extracting from photoplethysmography as a real-time surveillance tool for RR
and confirmed the validity of the StMary dataset, which consists of Asian PPGs collected
in an SICU using our PPG signal collector, in a ResNet model based on Bian's architecture.
Itis already well known that the clinical usefulness and importance of monitoring changes
and patterns of RR are significant. Therefore, the presentation of an algorithm showing
comparable accuracy compared to the existing results not only has usefulness for clinical
use, but is also expected to have potential as a fastidious surveillance tool for the Asian
population, which has not been studied much due to the characteristics of the dataset. We
look forward to providing various new opportunities not only through well-known West-
ern datasets but also through an Asian dataset in future research. The PPG signals col-
lected were clinical data from 50 patients and 50 volunteers in the SICU and consisted of
Asians only over the age of 18. Although more strict verification is needed, data consisting
of Asian patients and a normal group have significant value. And also, it seems that ad-
ditional validation on whether such an algorithm really shows a difference in accuracy by
race and disease types should be done. It should be performed through data recruit in-
cluding a larger number of data and various races and types of diseases in the near future.
We expect that the StMary dataset will contribute greatly to the generalization of the
model as it is possible to train a much more robust model. Therefore, in future work, we
will verify the dataset more clearly and will provide the StMary dataset as a public dataset.

5. Conclusions

The StMary dataset we collected from the SICU of the tertiary referral hospital can
be considered a meaningful dataset, and showed its significant model performance. This
dataset will subsequently contribute as the clinical research data that supports RR evalu-
ation by Al models, which is a critical vital sign for patients, and surveillance tools to test
whether equipment monitoring, and alarming functions are working properly.
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